The transcription regulatory network underlying essential and complex functionality inside the cell is defined by the combinatorial actions of transcription factors (TFs). Although maize is an important crop and has a long history as a model for genetic research, its regulatory circuit is largely unknown. Here, we developed a scalable ChIP-seq approach that enabled us to determine the binding profiles of 104 maize leaf TFs, and identified 2,147,346 TF binding sites genome-wide. TF binding occurs in clusters covering ~2% of the genome, and shows enrichment for sequence variations associated with complex agronomic traits and eQTLs. We have constructed a regulatory network for the maize leaf that covers over 70% of the expressed genes, which has scale-free topology and functional modularity. Machine-learning analyses were used to identify TF sequence preferences, and showed that co-binding is key for TF specificity. Furthermore, the trained models were used to predict and compare the regulatory networks in other species and showed that the core network is evolutionarily conserved. Together, our results provide an extensive description of the architecture, organizing principle and evolution of the leaf transcription regulatory network.
INTRODUCTION
For all living cells, a basic control task is to determine gene expression throughout time and space during developmental processes and responses to stimuli (Sorrells and Johnson, 2015) . The code that governs gene expression is stored in the non-coding region of the genome. Sequencespecific DNA binding proteins known as transcription factors (TFs) can read the code by binding to cis-regulatory elements to activate or repress gene expression. Each gene can receive instructions from multiple TFs, and each TF can target thousands of genes, forming a transcription regulatory network, which underlies essential and complex functionalities inside the cell (Neph et al., 2012) . Hence, it is critical to study the mechanism, architecture and behaviour, as well as conservation and diversification of the regulatory network in different species.
The budding yeast has probably the best mapped transcription regulatory network and is a unicellular model for eukaryote, with around 200 TFs (Harbison et al., 2004; Lee et al., 2002) . For multicellular organisms with large genomes and thousands of TFs, complete network reconstruction has proven to be a formidable task. For example, the ENCODE consortium has mapped the binding of 88 TFs in five cell lines to study its architecture and dynamics , while a more complete regulatory network was constructed in human colorectal cancer cells with data from 112 TFs (Yan et al., 2013) . But similar efforts are seldom feasible for individual laboratories, and have yet to be attempted in plants.
Maize is one of the most economically important crops worldwide. It is also the best-studied and most tractable genetic system among the cereal crops, making it an ideal model for studying this group of important crop plants (Schnable et al., 2009) . It has been shown that the maize noncoding region harboring the cis-regulatory elements is a major contributor to the observable phenotypic differences and adaptation. For example, 70% of maize GWAS hits are located in the non-coding regions that has yet been functionally annotated (Wallace et al., 2014) . Recently, it was shown that open chromatin sequence variations within these non-coding regions could explain up to 40% of the phenotypic variations of key agronomic traits (Rodgers-Melnick et al., 2016) . However, it is difficult to assess their true functions without knowing the precise locations of the cis-regulatory elements and the TFs that recognize them. Despite the importance of TF binding data, ChIP-seq experiments in plants are limited by antibody availability and difficulties in transforming crops to express the epitope fusion protein. As a result, TF binding information is only available for a handful of maize TFs, and even in the model species like Arabidopsis and rice, such studies are too few in number to produce a general picture of the plant transcription regulatory network.
In this study we have developed a high-throughput ChIP-seq approach to map the binding of 104 TFs expressed in the maize leaf. We found that similar to the mammalian ones, plant TF binding are highly clustered, overlap with open chromatin regions, show enrichment of GWAS hits and eQTL, and are evolutionarily conserved. We constructed a high-confidence regulatory network that display scale-free topological features, and trained machine-learning models to predict TF binding from sequence, co-localization information, and annotate non-coding regions in other grasses. Our findings provide a first glimpse into the plant transcription regulatory network and reveals its architecture, organizing principle and evolutionary trajectory.
RESULTS

TF ChIP-seq using maize leaf protoplast
To transform maize with TF constructs for ChIP-seq, we developed an efficient protoplast isolation and transformation method ( Figure 1A ; STAR Methods). We found that the high mortality rate and low transformation efficiency associated with the conventional methods are due to excessive wounding of the cells during the isolation. Instead of cutting the leaf into thin slices, we peeled the lower epidermis to allow the cell wall digesting enzymes to gently penetrate the leaf and release the protoplasts. Using this method, we can obtain ~10 7 intact mesophyll cells from the leaves of a 9-day-old seedling, and achieved over 90% transformation efficiency estimated by the GFP spike-in control. In addition, we fused the TF coding sequence to the Avi epitope tag, which can be biotinylated by the co-expressed bacterial biotin ligase BirA. The biotinylated TF can then be pull-down directly using streptavidin magnetic beads, without the need for antibodies. It also has high signal to noise ratio due to the strong affinity between streptavidin and biotin that permits the use of stringent washes under denaturing conditions. To obtain large quantities of ultrapure TF-Avi fusion DNA for transformation, we also developed a plasmid preparation method using low cost sand powder as binding matrix and detergent to remove endotoxin without expensive cation exchange chromatography.
Transposase Tn5 tagmentation is one of the most convenient library preparation methods available (Picelli et al., 2014) . However, homebrew Tn5 tends to lose activity rapidly due to protein aggregation. To improve the reproducibility, we fused the Tn5 to the C-terminal of the E. coli elongation factor Ts, which is often used as N-terminal tag in the purification of aggregation prone proteins (Han et al., 2007) . This hyper-stable Tn5 transposase enabled us to significantly improve the consistency and reduce the cost of ChIP-seq library construction. Using this method, we have successfully generated 218 ChIP-seq profiles for 121 TFs that are expressed in the developing section of the maize leaf based on previous RNA-seq data (Dong et al., 2017) ( Figure 1A ; Data S1).
TFs bind to genome in dense clusters
From the published mammalian TF ChIP-seq, we anticipated that plant TF binding might also form dense clusters and frequently locate within open chromatin regions (Yan et al., 2013) . First, we used the ENCODE2 uniform pipeline to process the ChIP-seq data ( Figure  1A ; Figure S1A ). We identified a total of 2,147,346 reproducible TF binding peaks, and the number of peaks varies between TFs, with a median value of ~16K (Interquartile range, between 7,664-32,566 peaks, Figure S1B ). These TF binding peaks clustered in 144,890 non-overlapping loci covering ~2% of the genome (Data S2). Similar saturation of TF binding clusters was observed when sufficiently large number of TFs expressed in colorectal cancer cells have been sampled (Yan et al., 2013) . Next, we measured chromatin accessibility in the same tissue using ATACseq, and identified 38,713 biologically reproducible open chromatin regions. We found that the TF binding loci and open chromatin regions show similar genome-wide distributions, frequently proximal to gene bodies (+/-2.5kb), with preferences for the 5' end ( Figures 1B and 1C ).
We also found that the distance between TF binding site to gene after excluding regions that overlap with gene body is bimodal ( Figure 1C ). Despite the larger space available for distal regulation, we observed that regions between 10-100kb constitute ~15% of the TF binding loci, and ~17% of the open chromatin regions. Layering ATAC-seq and ChIP-seq data showed that TF binding loci and open chromatins overlap ( Figure S1C , P-value < 10 -5 ). On average, ~74% of the peaks for a given TF (IQR25-75 64%-87%) intersect with open chromatin regions ( Figure S1D ) confirming the relevance of the identified TF binding sites within the chromatin context. Collectively, 98% of the open chromatin regions overlap with TF peaks ( Figure 1D) , with a mode of 5, and a median of 19 distinct TFs for each region, suggesting there are a large number of possible TF combinations that co-regulate transcription.
As none of the 104 TFs selected have been previously examined by ChIP-seq, and most of them have not even been functionally characterized, we used GO-term and MAPMAN functional category enrichment analysis to classify them based on their targets ( Figure 1E ; Data S3). Majorities of the TFs are grouped into signaling, hormone and photosynthesis categories. For example, targets of the maize ZIM TFs show enrichment in the GO terms "response to wounding" and "jasmonic acid metabolism", consistent with the role of their homologs in other plant species (Pauwels and Goossens, 2011) . The PIF and GLK TFs targets are enriched for "circadian rhythm", "light harvesting" and "apocarotenoid metabolic process", and were assigned to the photosynthesis category. The ZmMyb38/ZmCOMT1 targets were associated with terms such as "regulation of flavonoid biosynthetic process", and "phenylpropanoid biosynthetic process" and were assigned to the metabolic group (Yang et al., 2017) .
Previous studies showed that the high TF occupancy regions in the genome are often associated with important functions (Boyer et al., 2005; Heyndrickx et al., 2014) . We identified 2,037 open chromatin regions at the top 5% of the TF occupancy distribution (Data S4), and their surrounding genes are indeed enriched for regulatory GO-terms (Data S5). Notably, we found that Vgt1, the most important QTL for flowering time (Salvi et al., 2007) , is associated with a high TF occupancy region bound by 76 TFs, and locates at a distance of ~72 kb from the TSS of ZmRAP2.7, a TFcoding gene whose expression is known to be regulated by Vgt1. Six of the TFs bound to this region (i.e., PRR5, ELF3, COL3, COL7, COL18 and DOF3/PBF1) have previously been linked to flowering time variations through genetic studies (Alter et al., 2016; Li et al., 2016) .
Taken together, our data provide a detailed insight into the biological functions of maize TFs. Similar to the animal genome, plant TF bindings formed dense clusters, and high TF occupancy regions also play an important role in shaping complex phenotypic variation such as flowering time.
TF binding sites show sequence conservation and enrichment for eQTL and GWAS hits
TF binding is a key determinant of transcriptional regulation and, if purifying selection is effective in these regions, they should exhibit low sequence diversity. We examined the conservation of the TF binding sites by assessing the overall nucleotide diversity represented in the maize HapMap (Bukowski et al., 2018) while controlling for overall SNP density in function to the distance of TF's peak summit (Figure 2A ). The result confirmed that sequence variation is, in fact, reduced.
While binding of most TFs is constrained, TF and their binding sites are key to local adaptation or domestication. For example, TF ZmTB1 is known to play an important role in maize domestication (Doebley et al., 1997) . Hence, we predict that TF binding loci could be enriched for common SNP variations controlling gene expression and downstream traits. This was first tested in a panel of 282 inbred breeding lines for their effect on mRNA expression using common and likely adaptive variants (Kremling et al., 2018) . We found twofold enrichment of TF binding loci (95% credible interval 2.26-2.46), similar to the enrichment around 5'UTRs (95% credible interval 1.80-2.11) and 3'UTRs (95% credible interval 2.37-2.73) ( Figure. 2B ). Distal and proximal TF binding loci are both enriched when examined separately ( Figure S2A ). The enrichment pattern is ubiquitous across the 104 TFs that we examined ( Figure S2B ; Data S6). Overall, these support our hypothesis that common variation in mRNA expression is controlled by TF binding site variation.
Figure 2. TF binding sites show low sequence diversity and enrichment in functional variation
(A) Mean SNPs density calculated in sliding windows of 100 bp bins flanking TF binding summits, and normalized by mappability rate. (B) 95% confidence interval for the enrichment of SNPs associated to variation in mRNA levels (eQTLs) vs. non eQTLs SNPs, and relative to control regions for different sets of genomic regions. (C) Proportion of phenotype-associated GWAS hits for an assortment of traits overlapping to TF binding loci. Traits in which the enrichment was statistically significant are labelled with an asterisk. (D) Manhattan plot of GWAS for days after anthesis. Highlighted GWAS hits overlap with binding regions for a group of TFs (PRR5, ELF3, COL3, COL7, COL18 and DOF3/PBF1) associated to photoperiod variation.
Next, we tested the overlap with functional variations associated with traits others than gene expression. To this end, we calculated the enrichment in GWAS hits for seven traits related to metabolites (Zhang et al., 2015) , leaf architecture (Tian et al., 2011) , and photoperiodicity (Buckler et al., 2009 ) measured in the US NAM population. Overall, TF binding loci are enriched for four of the traits ( Figure 2C ). We noticed that simple traits, such as metabolites, showed few TFs enriched for GWAS hits (e.g. malate and nitrate, Data S7). In contrast, many TF bindings overlap with GWAS hits for complex traits, which are known to be polygenic and influenced by a large number of genetic variants (e.g., days after silking and days after anthesis, Figure 2D ; Figure  S2C ). A further look at TFs enriched in GWAS hits for photoperiodicity revealed that 51% of the TFs enriched in days after anthesis, and 35% in days after silking, also bound to the Vgt1/ZmRAP2.7 high TF occupancy region, and they could be new regulators of maize flowering time.
Taken together, our observation that TF binding regions are conserved and frequently overlap with sequence variations associated with phenotypic changes meet our initial expectations. The general trend for GWAS enrichment also supports our hypothesis that non-coding region variations related to traits are mediated by TFs. Furthermore, our finding highlighted the potential of using large-scale TF ChIP-Seq data to connect sequence variation in cis to trans-regulators to highlight the regulatory mechanism implicated in complex phenotypes.
A scale-free transcription regulatory network in plant
Real-world networks such as the social network, mammalian regulatory network and proteinprotein interaction network, frequently exhibit a scale-free topology (Barabási and Albert, 1999) . To assess the feasibility of our data to pinpoint true regulatory relationships, we tested if the derived network could fit the topology. We reshaped the regulatory data into a graph ( Figure 3A) , adopting the ENCODE probabilistic framework to identify high confidence proximal interactions (P-value < 0.05) (Cheng et al., 2011; Gerstein et al., 2012; Landt et al., 2012) . This approach renders a network with 20,179 nodes (~45% of the annotated genes and ~77% of the leaf expressed genes, Data S8). We evaluated the in-degree distribution ( Figures 3B and 3C ), or number of edges towards each node, and found it to follow a linear trend in the log-scale (R 2 = 0.882, P-value < 2.2e-16), as expected for power-law distribution (goodness of fit P-value = 0.67), which is a landmark of scale-free networks.
In a real-world network, nodes that appear more connected than others are called "hubs", and they are critical for information flow (Barabási and Albert, 1999) . We defined these hub genes as target nodes in the top percentile of the in-degree distribution (99 th percentile, for a total of 206 genes, Data S5). Interestingly, we found half of the hub genes were located nearby the TF highly occupied regions. Similar to the result from the analysis of highly occupied regions, hub genes showed enrichment for regulatory functions (i.e., GO term: "transcription factor activity", enrichment 4-fold), consistent to the expected role for a hub node in the transcriptional regulatory network. 
Structural and functional modularity of the network
Biological networks often exhibit topological and/or functional modularity (Dittrich et al., 2008; Olesen et al., 2007) . We tested for this predicted property by contrasting the maximum modularity in our network to a null distribution from an ensemble of random rewired graphs (H0: 1000 rewired graphs) (Clauset et al., 2004) . The result confirmed that our network exhibits a significant increase in modularity (P-value < 0.05, Figure 3C ). We identified seven modules, each containing from ~27% to ~5% of the total nodes (Gephi resolution 1, Data S9). It should be noted that these modules are not isolated. Only ~40% of the total edges occurring within each module, suggesting that TFs often regulate targets outside their own modules, and there are large information flows between modules ( Figure 3D ).
We predicted that topological modularity could be related to function in known biological processes. Hence, we performed GO-term and MapMan functional category enrichment analyses for genes in each module, and found that they were indeed enriched for specific functions ( Figure  3E ). For example, we found two photosynthesis-related modules. Module 4 is enriched in targets of GLK1/GLK2, which are known regulators of photosynthesis (Waters et al., 2009) , while model 5 is enriched in targets of the CONSTANT(CO)-like TFs, which are associated with roles in flowering time, circadian clock and light signaling (Wang et al., 2013 ) (Data S10). These modules contain thousands of genes from different pathways, and are too large to be assessed as a whole. We hypothesize that as the network topology can already provide clues to biological function at this scale, potential regulators of a smaller pathway might be identified based on connectivity at a local scale. We first tested this in the conserved chlorophyll biosynthesis pathway, which is known to be regulated by two GLK TFs, as their mutations caused disruption of the photosynthesis apparatus gene expression (Rossini et al., 2001; Waters et al., 2009 ). We calculated the sum of the log transformed p-values that the ENCODE probabilistic model generated for each TF-target interaction, based on binding intensity and proximity, and used it to infer the contribution of each TF to the pathway ( Figure 4A ). We found that the top regulators are indeed the two GLKs and an unknown MYBR26. Despite the function of the MYBR26 has yet been studied, its Arabidopsis homologs are involved in circadian regulation, confirming our hypothesis (Nguyen and Lee, 2016) .
Next, we used this strategy to examine the maize C4 photosynthesis pathway without well-defined regulator. It turns out that the top five TFs in connectivity ranking are CO-Like (COL) TFs ( Figures  4B and 4C ). Previous studies of COL TFs in other plant species have showed that they play an important role in the regulation of flowering and photoperiod (Wang et al., 2013) . Without maize COL mutants, we searched different maize CRISPR/Cas9 populations and found one line with a frame-shift deletion in the first exon of COL8 ( Figure S3 ). The homozygous mutant has a palegreen phenotype and seedling lethality, supporting our hypothesis that the COL TFs are important for photosynthesis ( Figure 4D ). Interestingly, we also found that the key C4 photosynthesis genes with cell-specific expression pattern are associated with cell-specific H3K27me3 marks, suggesting that they are regulated not just by a complex TF network, but also at the epigenome level ( Figure 4E ). 
TF sequence binding preferences are similar among family members and conserved through angiosperm evolution
To model TF binding from sequence we applied a "bag-of-k-mers" model (Mejía-Guerra and Buckler, 2019) to discriminate TF binding regions from other regions in the genome, which resulted in reliable models for all the TFs (5-fold cross-validation, average accuracy for each TF > 70%) ( Figures 5 and S4 ; Data S10). Using average k-mer weights from the models, we derived a distance matrix among TFs, and summarized TFs relationships (Data S11). After removal of singleton families, we observed that for 85% of the TFs families, most of their members (>= 50%) cluster into the same group in a dendrogram ( Figure 5A and Figure S4A ).
This observation prompted us to evaluate whether TF sequence preferences have persisted across angiosperm evolution, as TF protein families are frequently well conserved. Using the top 1% of the predictive k-mers for each TF, we examined their similarity to a large collection of Arabidopsis TF binding position weight matrices (PWMs) derived from DAP-seq experiments (O'Malley et al., 2016) . After removal of families that did not have a counterpart (or were poorly represented), 50 out of 81 (61%) of the evaluated TFs preferentially match PWMs to their corresponding family in Arabidopsis (P-value < 0.001, Figure 5C ).
Our estimations of conservation through Arabidopsis are likely understated, as some TF families can recognize more than one type of motif, which might not be properly represented in the current databases. For instance, DAP-seq data is not available for the Arabidopsis homologous to ZmGLK1, which together with ZmGLK2 forms an independent cluster from the others GLKs. Yet, our k-mer model for ZmGLK1 (Data S11) agrees with the core of a motif (i.e., "RGAT", R = A/G) enriched in the promoters of genes up-regulated by Arabidopsis GLK1 (Waters et al., 2009; Zubo et al., 2018) . Overall, the sequence preference conservation suggests a strong constraint over more than 150 million years, which also agrees with the reduced SNP variation at the TF peaks (Figure 2A) .
TF binding co-localization is context specific
With a genome larger than two billion bp, any given TF (recognition sites avg. 6.8 bp) could have affinity for roughly a third of a million locations across the genome (Mejía-Guerra and Buckler, 2019; O'Malley et al., 2016) . Under this scenario, achieving the observed TF binding specificity would likely require extra cues. We predict that co-binding and combinatorial recognition of ciselements is key for specificity. To test this, we created machine-learning models based on colocalization information to learn non-linear dependencies among TFs using the ENCODE pipeline . To fit a model for each TF (i.e., focus TF or context), we built a colocalization matrix, by overlapping peaks for the focus-TF with peaks of all remaining TFs (i.e., partner TF). The co-localization model was aimed to discriminate between the true co-localization matrix and a randomized version of the same (Friedman and Popescu, 2008) . The output of each model is a set of combinatorial rules that can predict TF binding. For each TF, the average of 10 models with independent randomized matrices have area under the receiver operating curve > 0.9 (Data S12). The high performance of the model agrees with the hypothesis that co-localization has vast information content to determine binding specificity. Using the rules derived from the co-localization models, we scored the relative importance (RI) of each partner TF for the joint distribution of the set of peaks for a given context ( Figure 5D ; Data S13). To obtain a global view, we calculated the average RI of a TF across all focus TFs. We observed that the whole set shows a trend towards medium to low average RI values (i.e., ≤ 60 RI, more context specific), with fewer TFs predictive for a large number of focus TFs (i.e., > 60 RI, high-combinatorial potential). Clustering according to the RI values revealed a group of TFs that have large RI across many focus TFs. The large RI score means that a TF is highly predictive of the binding in a specific context. For example, among the 104 TFs we examined, LATE ELONGATED HYPOCOTYL (LHY, Zm00001d024546) is the most highly expressed one in the differentiating leaf (Li et al., 2010) . LHY encodes a MYB TF that is a central oscillator in the plant circadian clock (Nagel and Kay, 2012) , and the its top three predicted partner TFs are ZIM18, bHLH172 and COL7 ( Figure 5E ). Although their functions have yet been characterized in maize, their Arabidopsis homologs are involved in jasmonic acid signaling, iron homeostasis and flowering time regulation, all of which are tightly coupled to the circadian clock (Sanchez and Kay, 2016) .
Taken together, TFs co-binding could be the key to explain how TFs with similar sequence preferences could target different genes and control different biological functions. The colocalization model revealed a large combinatorial space for TF binding sites that likely favors the occurrence of specific combinations, which could facilitate rapid diversification of the regulatory network during speciation.
Conservation of the TF regulatory interactions among grasses
Finally, we used the machine learning models to investigate the conservation of the regulatory network in other grasses. To do so we performed ATAC-seq in sorghum and rice, and obtained open chromatin sequences of their maize synteny genes. Next, we inferred network edge conservation based on whether the sequence model of maize TFs could predict binding in the open chromatin of the synteny target gene in sorghum and rice ( Figure 6A ). For example, we could predict TF binding for 68% of the open chromatin regions of maize synteny genes in sorghum. Looking at the edges to syntenic genes, we found that ~30% of the observed edges in the maize network were conserved to sorghum, and ~18% were conserved to rice ( Figure 6B ).
Comparison between the human and mouse regulatory networks has shown that the core network, which consists of TF-to-TF connections, are frequently more conserved that the individual DNA bases among regulatory regions (Stergachis et al., 2014) . If the same is true in plants, we would expect TF genes to be enriched in the set of conserved targets. Hence, we performed GO enrichment analysis for the conserved edges and the results agrees with our hypothesis ( Figure 6C ). In addition, we also examined the constitution of conserved edges, and found that the TF-to-TF edges were over-represented than TF-to-nonTF edges in both sorghum and rice ( Figure 6B ). ENCODE and modENCODE also found that the prevalence of human and mouse TF recognition sites in the open chromatin regions are under selection (Stergachis et al., 2014) . To test this for plant TF, we calculated the number of TF model matches in the maize, sorghum and rice ATACseq peaks, and found that they are indeed correlated ( Figure 6D ). In addition, we found that the TF target conservation rates in rice and sorghum are also similar, suggesting that syntenic TFs are under similar selection pressure ( Figure 6E ). Together with previous observation that the core network is more frequently conserved, our findings suggest that plants and animals might have evolved similar transcription networks in terms of structure and mechanism, and the rewiring of the network occurs in a hierarchical fashion, with nodes at the top of the transmission of information retaining more conserved edges than those at the bottom. 
DISCUSSION
For a long time, plant researches have been limited to studying either the function of a single gene or perform genome-wide association analysis for everything. The former often resulted in over-simplification, while the latter failed to determine causality. Neither is able to resolve complex and robust biological processes such as transcription regulation. A bottom-up study towards a systems biology approach is required to understand complex system, and we need to study the system as a whole, not the individual components.
In this study, we attempted to systematically identify the emergent properties of the gene transcriptional regulation in a plant tissue. To do so, we resolved binding profiles for 104 TFs expressed in the maize leaf. We constructed a high-confidence regulatory network that covers ~45% of the genes in the maize genome, and ~77% of the leaf expressed genes. We found the network is scale-free and shows a modular organization at the topological and functional levels.
A key advantage of the scale-free topology is the increased tolerance to random failures. However, the high connectivity hubs are the vulnerabilities in a scale-free network. Using chlorophyll biosynthesis and C4 photosynthesis as examples, we showed that mutation of a highly connected TF could disrupt plant growth and development (Figure 4 ). This also demonstrated how network connectivity data could be used to predict biological functions.
The observed structural and functional split of the network could indicate how gene expression is fine tuned. The presence of multiple TFs across modules to regulate genes in the same pathway suggests intricate modes of actions to coordinate transcription, in contrast to the classic view of a singular or few master regulators. Altogether, the topological and functional features of the regulatory graph not only provide validation of known TF to target gene interactions, but also provide additional clues to understand a vast number of uncharacterized genes and TFs.
The finding that TF co-binding is widespread in plant is consistent with the results of mammalian studies . Co-binding could be a key evolutionary advantage, because from an information standpoint, it enables a large variety of transcriptional outputs using synergistic and combinatorial input of a small number of TFs. For instance, taking sets of five distinct TFs (i.e., the mode of distinct TF binding sites in maize open chromatin regions) from the 104 TF repertoire would generate a ~91 million possible combinations without considering TF repetitions. In mammalian cells, high-combinatorial trans factors, such as MAX and P300, have key roles in enhancer function (Ram et al., 2011; Shlyueva et al., 2014) . In our dataset, we also found highcombinatorial TFs, most of which has not being characterized, and deserve further attention. Some of them are homologues to Arabidopsis TFs with known roles in hormone signaling pathways (e.g. ZIM TFs in JA signalling). Some of them belong to families that are known for protein-protein interactions, such as the MYB-bHLHs and the ZIM-MYB-bHLHs TFs (Qi et al., 2011; Ramsay and Glover, 2005; Tian et al., 2016) . These could suggest that plant cells could use these factors to integrate multiple inputs to coordinate the transcriptional response.
It has long been proposed that the changes in the mechanisms controlling gene expression are the main driving force of evolution (King and Wilson, 1975) . Around 20% of the human and mouse TF bindings are conserved despite over 90 Mya of divergence (Stergachis et al., 2014) . Rice diverged from the common ancestor of maize and sorghum ∼50 Mya, and we found over 18% of the rice network edges are conserved in maize. However, stringent cut off used for our TF binding model search might underestimate the conservation rate, and future cross-species comparison using a uniformed methodology would be greatly beneficial. On a practical level, we expect the presented TF binding and co-binding models to be integrated into pipelines to predict effects of non-coding variants, both common and rare, on TF binding, to pinpoint causal sites. As the possibility of being able to predict and generate novel variation not seen in nature could fundamentally change future plant breeding.
In the future, we need to study and compare transcription regulatory networks in a broad variety of species and in different tissues or different environmental conditions, to gain insights into the architectures and circuits that enable different outputs. The finding that core C4 photosynthesis genes are regulated by histone modification ( Figure 4E) showed that it will is also important to integrate regulations at additional levels such as epigenome, proteome and metabolome.
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